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Abstract

Hierarchical Pathfinding A⋆ (HPA⋆) is a hierarchical search framework that partitions
grid-based environments into clusters to reduce computational time while preserving a
near-optimal path. The warehouse layout features cross-aisle connectivity, and multi-order
optimization is performed using the HPA⋆ algorithm, which integrates travel times with
multi-rack picking times to the objective cost function. We simulate by assigning 30 random
orders, with approximately 10000 items stored in the warehouse and 50 item types. The travel
time is calculated assuming a picker has a constant speed of 1.2 m/s along edges, the picking
time is proportional to the number of items picked per rack, and a small warehouse layout.
Estimated cycle times of the orders (travel plus picking time) range from 114.4 to 349.9
seconds using the HPA⋆ optimization, with a mean of 232.0 seconds. From the optimization
results, orders require an average of 5.2 rack visits, ensuring that the picker travels more
than two racks per order. The HPA⋆ reduces the original low-level graph (50 nodes and 61
edges, including base and stage station) to a graph with 22 nodes and 17 edges, enabling
faster route computation while preserving observed cycle-time patterns when combined with
picking-time durations. Compared to A⋆, given the layout and orders, HPA⋆ demonstrates an
efficient warehouse path-planning method that reduces search computation while maintaining
near-optimal routing performance.
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1. Introduction
Path planning in modern warehouses is inherently challenging due to high rack density, long,
narrow aisles [1], [2], cross-aisle connectivity [3], and fluctuating traffic arising from human [4],
semi-autonomous [5], or fully autonomous pickers, for example, using automated guided vehicles
(AGVs) and autonomous mobile robots (AMRs) [6], [7], [8]. Planners must generate collision-free
routes that balance travel distance, traversal time, and rack-side service time while respecting
safety margins and right-of-way rules [9], [10], [11]. Practical warehouse systems exhibit consider-
able operational complexity. Multi-order batching, for example, increases the frequency of rack
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visits within a single route [12]. In addition, aisle blockages and transient congestion necessitate
rapid re-planning, whereas fleet coordination requires establishing predictable trajectories to
mitigate deadlocks and bottlenecks [13], [14]. In dynamic contexts, planning algorithms must be
computationally efficient to enable real-time responses and maintain near-optimal performance
despite fluctuations in layout configurations and workload intensities over shifts and seasons [15],
[16].

A wide range of techniques is employed for pathfinding within warehouses. For multiple
orders (or batch picking) in parallel-aisle warehouses, routing and path-planning strategies
include grid or graph-based deterministic search, sampling-based motion planning, metaheuristics
and evolutionary optimization, learning-based planning, multi-agent path finding (MAPF)
and coordination planners, and time-window or reservation-table approaches. Grid-based or
graph-based methods discretize the warehouse into nodes and edges and compute shortest routes,
e.g., Dijkstra, A⋆, and HPA⋆, making them well-suited to rule-compliant aisle navigation [17],
[18]; sampling-based planners such as PRM and RRT/RRT⋆ explore continuous configuration
spaces to quickly build feasible paths around racks and obstacles when strict grid models or
turning envelopes make graph search less suitable [19], [20]; metaheuristics and evolutionary
optimization, i.e., genetic algorithm (GA), ant colony optimization (ACO), and adaptive large
neighborhood search (ALNS) treat routing as combinatorial optimization to deliver near-optimal
routes under dynamic constraints—recent GA and improved ACO variants reduce runtime and
boost robustness, while rolling-horizon ALNS enables rapid re-planning in live warehouse logistics
[21], [22], [23]; learning-based planning employs reinforcement learning (RL) or deep models
to adapt policies online to layout and traffic changes, achieving real-time decisions in complex
maps and shortened travel through data-driven guidance [24], [25]; MAPF-based coordinators
compute near-optimal, collision-free routes for an entire robot fleet and remain robust to delays
and unexpected obstacles, while still scaling to large 2D/3D warehouses—with effectiveness that
can vary based on warehouse layout parameters [15], [26]; and time-window/reservation-table
schemes reserve edges in time to keep trajectories predictable and detect conflicts early, enabling
online replanning that limits congestion, deadlocks, and bottlenecks. [18], [11], [27].

Hierarchical Pathfinding A⋆ (HPA⋆) is particularly effective in warehouses with parallel and
cross-aisles because it groups the grid into clusters and places portals at the entrance and exit
points between them. This preserves fine-grained detail where it matters most—at cross-aisle
intersections, where route choices are made—while compressing long corridor segments into a
smaller abstract graph, thereby reducing time[19]. By partitioning the floor into clusters and
exposing inter-cluster portals, HPA⋆ reduces the number of nodes and edges explored during
planning, enabling faster computation with near-optimal routes—a critical property when multiple
orders and agents share the same infrastructure [28], [29]. Our contribution is a warehouse-specific
extension of Hierarchical Pathfinding A⋆ (HPA⋆) that introduces a cross-aisle-aware framework
that jointly optimizes multi-order warehouse routes by integrating travel time and rack-side
picking time into a single objective and using a shared hierarchical graph to coordinate pickers.
The HPA⋆ integrates travel time and picking time into a single cost function, supports multi-order
routes that visit multiple racks per cycle, and provides a common topological layer for item
pickers. Consequently, HPA⋆ provides an efficient, scalable foundation for autonomous navigation
and warehouse operations management without compromising the cycle-time patterns required
for throughput optimization. Unlike conventional A⋆ or batching-only approaches, our method
compresses the low-level warehouse graph (from 50 nodes/61 edges to 22 nodes/17 edges) while
preserving near-optimal cycle-time patterns.

2. Methods: Warehouse Layout and Path Planning Algorithm
This section outlines the end-to-end workflow used to evaluate A⋆ and HPA⋆ in the proposed
warehouse setting. We first formalize the warehouse layout as a weighted graph and define a
cycle-time cost that combines travel time and rack-level picking time. We then describe the
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baseline low-level A⋆ planner, the hierarchical abstraction and refinement steps of HPA⋆, and
finally the multi-order objective and computational complexity used for comparison.

2.1. Warehouse Graph and Cost Model
We model the warehouse as a weighted graph

G = (V, E, w),

where V contains rack nodes including {BASE, STAGE}, E is the set of traversable edges, and
w : E →R>0 denotes travel times. Modeling warehouse routing as a graph (or grid graph) is now
common in path-planning research because it makes it straightforward to apply heuristic search
methods like A⋆ and its variants on structured warehouse layouts. In practice, A⋆—including
hybrid extensions—has been used in warehouse-style environments to shorten travel distance,
reduce unnecessary turning, and improve overall time and energy efficiency [30], [31]. For each
edge e ∈ E with line distance de, the travel time is

w(e) = te = de

s
, (1)

with constant item picker speed, s, (in our simulation, we assume the picker speed is constant,
i.e., s ≈ 1.20m/s). We use speed references from Autonomous Mobile Robots (AMRs) used in
warehouses, which operate at common speeds of 1-2 m/s. The adopted speed is consistent with
industrial AMR specification sheets (for instance, the MiR1350 AMR lists a maximum speed of
1.2 m/s) and aligns with safety guidance under ISO 3691-4, which mandates speed control for
driverless industrial trucks and establishes international standards for mobile robot safety.

Let an order o require a set of rack visits, denoted as R(o) = {r1, . . . , rm(o)}. Define
p : V →R≥0 as the rack-level picking time, which is proportional to the number of items retrieved
at each stopping rack. This choice indicates that the picking time depends on handling at visited
locations, whereas routing policies determine the travel time. Travel time often dominates the
picker-to-parts operation, leading to the common practice of modeling total cycle time as the
sum of travel time and handling or picking time [32], [33]. For a feasible low-level path π that
starts at BASE, visits all racks in R(o), and ends at STAGE, the cycle time is

CT(o, π) =
∑
e∈π

w(e)︸ ︷︷ ︸
travel time

+
∑

r∈R(o)
p(r)

︸ ︷︷ ︸
picking time

. (2)

This travel and picking time-cost structure aligns with the warehouse design presented in
Fig. 1, in which cycle time is adopted as the primary performance measure for order fulfillment
in the proposed method [34].

2.2. A⋆ on the Low-Level Graph
We solve each waypoint-to-waypoint segment or subpath of the route (e.g., BASE → r1, r1 → r2,
. . . , rm(o) → STAGE) with A⋆, minimizing f(n) = g(n) + h(n), where:

g(n) = accumulated travel time from the subpath’s start node to n,

h(n) = ∥x(n) − x(goal)∥2
s

.

Here, x(n) = {xm(n), ym(n)} ∈ R2 denotes the geometric position of a node in 2D node
coordinates, where both xm(n) and ym(n) are positions measured (in meters). The variable
x(goal) denotes the 2D coordinates of the target node for the current segment, e.g., a rack or
STAGE, taken from the warehouse graph, and s is the constant picker speed (in meters/second).
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Fig. 1: Warehouse layout schematic

The heuristic h(·) is a Euclidean time lower bound on the remaining travel, which is feasible
and consistent under nonnegative edge times and constant speed; consequently, A⋆ returns an
optimal path for each fixed start–goal subpath [31], [35], [36]. This formulation ensures optimality
for each subpath of a prescribed rack sequence; the multi-order route is then the sequence of
subpath-optimal A⋆ paths.

2.3. Hierarchical Pathfinding A⋆ (HPA⋆)

κ(eA) = min
π⊆G inside clusters

∑
e∈π

w(e).

By initiating the search on the graph GA, HPA⋆ effectively reduces the global search space,
enabling focused exploration within the clusters reachable via the abstract route. Recent
studies in hierarchical path planning have reported significant reductions in runtime for grid and
large-map problems while maintaining path quality. Additionally, hierarchical pathfinding A⋆

based on multi-scale rectangle (RHA⋆) demonstrates substantial speed improvements over A⋆,
surpassing HPA⋆ while maintaining slight deviation from the optimal path cost from A⋆ [37].
Furthermore, hierarchical frameworks that incorporate topological or semantic layers achieve
improved computational speed and enhanced global planning capabilities on challenging indoor
maps, thereby supporting the hierarchical principle applied in HPA⋆ [38], [39]. Let the map from
racks to nearest entrances be ϕ : R(o) → RA(o). An abstract route ΠA that starts at BASE,
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visits RA(o), and ends at STAGE minimizes

CostA(o, ΠA) =
∑

eA∈ΠA

κ(eA)

︸ ︷︷ ︸
travel time

+
∑

r∈R(o)
p(r)

︸ ︷︷ ︸
picking time

.

We run A⋆ on GA using a heuristic function hA(u) = ∥x(u) − x(goal)∥2
s

, where hA(u) calculates
the Euclidean time lower bound on remaining travel. Following this step, each abstract edge
eA is updated within the cluster, κ(eA), and concatenated to produce the low-level path π
whose cycle time is defined in Eq. (2). In hierarchical planners that use grid-like warehouse
layouts, the overall path length or time generally approaches optimality relative to full-graph A⋆.
However, deviations in results may occur when combining each path in intra-cluster updates
with precomputed crossing costs.

BASE

Fig. 2: HPA⋆ Clusters Patch

2.4. Multiple-Order Objective
For the set of orders O = {o1, . . . , om(o)}, this paper considers |O| = 30 with Order ID ORD001–
ORD030 to illustrate multiple-order scenarios and seeks to minimize the total cycle time as
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follows:
min

{ΠA
o }o∈O

∑
o∈O

CostA(o, ΠA
o ),

subject to connectivity on the graph GA and coverage of the required entrance set RA(o) for
each order. In the picking order model, total order time is typically determined by the sum of
travel time and picking time. The sequence of decisions or visit orders affects the travel time
variable, whereas the picking time depends upon the items retrieved from the visited racks. Some
studies show how storage assignment, route sequencing, and layout interact to shape cycle time
and response time [32], [33], [40]. For global search, hierarchical planners optimize expansion by
initially searching GA and subsequently updating only within the most recent clusters. Recent
studies on hierarchical A⋆ variants indicate significant reductions in runtime on grid and large
map scenarios, while maintaining path quality with deviations of less than one percent compared
to full-graph A⋆ [39], [41], [37]. The HPA⋆ yields near-optimal multi-order paths, achieving
a significant reduction in global expansions on grid-structured layouts when integrated with
rack-level picking time derived from operational data.

2.5. Complexity
The dominant computational term for HPA⋆ is

THPA∗ ≈ O
(
|EA| log |V A|

)
+

∑
inside clusters

O
(
|EK | log |VK |

)
,

and the computational term for A⋆ in the graph view is

O
(
(|E| + |V |) log |V |

)
. (3)

The first term in Eq. (3) represents the global search conducted on the graph utilizing a priority
queue. The summation in the second term addresses local updates limited to the clusters
encountered along the path. In grid-structured and large-map warehouse layouts, initiating
operations on GA minimizes expansion and computational costs by reducing the node and
edge sets before any intra-cluster search [41], [39]. Therefore, reducing (|V |, |E|) to (|V A|, |EA|)
outlines practical speed-ups while maintaining cycle-time when travel time is combined with
picking time. Eventually, since rack-level picking durations do not depend on the graph size, the
time cost is primarily determined by the travel component of the cycle time. In contrast, the
picking component remains to be determined by item retrieval at the racks visited [32], [33].

3. Results and Discussion
This study evaluates HPA⋆ within a simulated grid-structured warehouse layout comprising 50
nodes and 61 edges, as shown in Fig. 1, using 30 order IDs to compute BASE-to-STAGE routing
for multiple orders picking. The warehouse layout spans 7.5 m × 33 m, with four aisles on the
horizontal axis and 12 rack columns along the vertical axis. The item picker speed is 1.20 m/s,
each aisle contains 12 racks, and there are 5 cross-aisle corridors.

3.1. Runtime environment
All experiments were executed on a desktop PC running Microsoft Windows 11 Education
(version 24H2; OS build 26100.7462), equipped with an Intel® Core™ i7-8700 CPU (6 cores,
12 threads; base 3.20 GHz) and 16 GB RAM, 64-bit system type. MATLAB R2022b was used
for all computations, plotting, and data processing.

3.2. Small Warehouse Layout Scenario
A grid-structured warehouse with a compact footprint of 7.5 m × 33 m is adopted to represent
multiple-order picking and is suitable for evaluating routing and picking performance, as illustrated
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Fig. 3: Per-Order Item Quantities in a Multi-Order Scenario (ORD001–ORD030)

in Fig. 1. The global coordinate frame is defined with x along the aisles and y along the rack
columns. The layout comprises four parallel aisles at x = {0.0, 2.5, 5.0, 7.5} m and 12 rack
columns at y = 0.0–33.0 m with 3.0 m spacing; cross-aisles are placed at columns 1/3/6/9/12, i.e.,
y = {0, 6, 15, 24, 33} m. The inbound/outbound stations are BASE at (−2.5, 0.0) and STAGE at
(10.0, 0.0). A constant picker speed s ≈ 1.20 m/s is used to convert edge distances to travel times
via te = de/s using Eq. (1). The basic warehouse graph has 50 nodes and 61 edges, while the
HPA⋆ hierarchical level comprises 22 nodes and 17 edges. Hierarchical edges maintain crossing
costs computed via constrained local searches within their respective clusters. This approach
minimizes the global search space and restricts the search to only those clusters that are directly
influenced. The travel time for an order is computed by integrating the edge times along the
designated path, whereas the rack-level picking time p(r) is derived from order information
data for each rack visited. The cycle time for each order is determined by the sum of travel
time and pick time. The warehouse layout stores a total of 10315 items across all racks in four
aisles, as shown in Table 1. The evaluation will focus on cycle time and the paths generated by
HPA⋆. The stacked-bar chart on Fig. 3 represents the total picked quantity for each order from
ORD001 to ORD030, with colored segments within each bar indicating the quantity contributed
by individual rack IDs as listed in the legend.

3.3. Simulation Results
In the warehouse layout as described in Subsection 3.2, search-space reduction is achieved by
promoting cross-aisle connectors on columns 1, 3, 6, 9, 12 and stations (BASE, STAGE) to entrance
nodes. As a result, the global graph is reduced from |V | = 50, |E| = 61 to a hierarchical
representation with |Va| = 22, |Ea| = 17. This process eliminates 56% of the nodes and 72%
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of the edges, thereby reducing the size of the A⋆ search, the number of priority-queue updates,
and search-space expansion. Using a graph representation model, the hierarchical layer requires
Ea log|Va| = 17 log 22 ≈ 53 logarithmic edge updates, compared with (|E| + |V |) log|V | =
(61 + 50) log 50 ≈ 434 on the basic graph, before local updates acquire paths within the clusters
actually traversed. This indicates that the HPA⋆ global search performs roughly 434/53 ≈ 8.2×
fewer priority-queue updates and search-space expansions before any local updates are applied
inside clusters. Consequently, route computation is accelerated under the same cost model (travel
time and picking time), with edge traversal times stored on the hierarchical graph.

Table 1: Total Items Stored Per Rack
Aisle 1 Aisle 2 Aisle 3 Aisle 4

Rack ID Quantity Rack ID Quantity Rack ID Quantity Rack ID Quantity
R1-1 86 R2-1 292 R3-1 301 R4-1 180
R1-2 196 R2-2 231 R3-2 146 R4-2 199
R1-3 383 R2-3 205 R3-3 94 R4-3 104
R1-4 320 R2-4 209 R3-4 142 R4-4 211
R1-5 101 R2-5 168 R3-5 322 R4-5 157
R1-6 229 R2-6 309 R3-6 245 R4-6 314
R1-7 179 R2-7 290 R3-7 112 R4-7 250
R1-8 195 R2-8 213 R3-8 228 R4-8 111
R1-9 103 R2-9 255 R3-9 32 R4-9 199
R1-10 427 R2-10 130 R3-10 169 R4-10 367
R1-11 109 R2-11 339 R3-11 69 R4-11 206
R1-12 233 R2-12 448 R3-12 276 R4-12 231
Total 2561 Total 3089 Total 2136 Total 2529

Total Items Stored: 10315 items

(a) Select Order ID.
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S3 S4

S5

Rack
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(b) HPA⋆ Route for ORD004.
Fig. 4: An Example of HPA⋆ Path Planning for Single Order ID

Reducing the global search space from the raw graph (|V | = 50, |E| = 61) to the abstract
graph (|Va| = 22, |Ea| = 17) decreases the worst-case sizes of the frontier priority queue candidate
and explored sets by approximately 56% (nodes: 50→22, i.e., 2.27× smaller) and the edge list size
by approximately 72% (edges: 61→17, i.e., 3.59× smaller). In the warehouse implementation,
edges represent connectors between rack locations. These reductions directly lower the number
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of priority-queue computations and queue updates performed at the hierarchical-graph level. In
terms of memory allocation, the HPA⋆ maintains a compact cache or lookup table of inter-cluster
crossing costs on hierarchical edges, |Ea| = 17 entries of κ(eA)which are reused across route
queries (e.g., a multi-order picking). Consequently, global planning repeatedly leverages the
same 17 cached values rather than re-expanding identical corridor details. In contrast, full-graph
A⋆ repeatedly recomputes the same local subpaths for each order, creating redundant entries
in the frontier priority queue and re-accessing the adjacency list. Additionally, HPA⋆’s local
update reduces the allocation of search structures to only those clusters that are traversed by the
hierarchical path. This approach reduces temporary memory usage to a small set of subgraphs
located between cross-aisles, rather than extending it across the entire warehouse grid, while
maintaining the same cost model, which includes both travel time and picking time.

Table 2: Travel Time and Picking Time For Multiple Order Cases

Order ID Start
Node

End
Node

#Stops
Travel

Distance
(m)

Travel
Time
(s)

Picking
Time
(s)

Total
Time
(s)

Runtime
(ms) Success

ORD001 BASE STAGE 3 72.5 60.417 102 162.417 1.65 ✓
ORD002 BASE STAGE 3 90.5 75.417 88.5 163.917 7.62 ✓
ORD003 BASE STAGE 6 89.5 74.583 207 281.583 130.39 ✓
ORD004 BASE STAGE 5 95.5 79.583 178 257.583 17.25 ✓
ORD005 BASE STAGE 5 96.5 80.417 131.5 211.917 19.22 ✓
ORD006 BASE STAGE 6 96.5 80.417 202.5 282.917 86.33 ✓
ORD007 BASE STAGE 6 101.5 84.583 171 255.583 119.12 ✓
ORD008 BASE STAGE 4 72.5 60.417 195.5 255.917 4.37 ✓
ORD009 BASE STAGE 8 112.5 93.75 239.5 333.25 675.45 ✓
ORD010 BASE STAGE 6 95.5 79.583 231 310.583 48.77 ✓
ORD011 BASE STAGE 3 90.5 75.417 81 156.417 4.83 ✓
ORD012 BASE STAGE 6 96.5 80.417 138 218.417 89.8 ✓
ORD013 BASE STAGE 3 84.5 70.417 87 157.417 4.43 ✓
ORD014 BASE STAGE 6 101.5 84.583 187.5 272.083 73.55 ✓
ORD015 BASE STAGE 8 96.5 80.417 158.5 238.917 634.94 ✓
ORD016 BASE STAGE 5 66.5 55.417 155.5 210.917 12.43 ✓
ORD017 BASE STAGE 6 107.5 89.583 195 284.583 105.3 ✓
ORD018 BASE STAGE 4 72.5 60.417 81.5 141.917 7.35 ✓
ORD019 BASE STAGE 7 83.5 69.583 204.5 274.083 231.31 ✓
ORD020 BASE STAGE 7 125.5 104.583 183.5 288.083 324.48 ✓
ORD021 BASE STAGE 3 72.5 60.417 61.5 121.917 3.09 ✓
ORD022 BASE STAGE 3 90.5 75.417 103.5 178.917 2.57 ✓
ORD023 BASE STAGE 5 78.5 65.417 128.5 193.917 21.22 ✓
ORD024 BASE STAGE 3 77.5 64.583 73.5 138.083 0.98 ✓
ORD025 BASE STAGE 8 101.5 84.583 290.5 375.083 584.61 ✓
ORD026 BASE STAGE 6 113.5 94.583 174 268.583 88.5 ✓
ORD027 BASE STAGE 7 114.5 95.417 230 325.417 216.15 ✓
ORD028 BASE STAGE 6 101.5 84.583 178.5 263.083 205.82 ✓
ORD029 BASE STAGE 6 113.5 94.583 189 283.583 108.94 ✓
ORD030 BASE STAGE 7 131.5 109.583 242 351.583 198.52 ✓

The HPA⋆ algorithm exhibits robustness to minor layout modifications, as such changes
typically affect only a limited number of hierarchical edges and their adjacent clusters. For
example, using our layout scenario, closing one cross–aisle level at column 6, y = 15 m, removes
the horizontal connectors between adjacent aisles at that level: with four aisles, this eliminates
three hierarchical edges (aisle pairs 1−2, 2−3, 3−4), so the abstract graph changes from |Ea| = 17
to |Ea| = 14 while |Va| = 22 remains unchanged. Consequently, only routes that traverse that
level require graph-level replanning, and the recomputation is limited to the reduced hierarchical
layer plus local updates inside the affected clusters; the rest of the graph and stored crossing
costs are reused without modification. HPA⋆ limits the effects of a minor disturbance, specifically

Ig. Prasetya Dwi Wibawa 532



HPA⋆ for Multi-Order Routing in a Small Warehouse Layout

a single cross-aisle closure, to a select few abstract edges and adjacent cluster updates. This
approach negates the need for a complete re-evaluation of the basic graph, characterized by
|V | = 50, and |E| = 61). Additionally, it upholds the travel-plus-picking time model while
ensuring rapid updates to routes. Table 2 presents travel and picking times for thirty order cases
between BASE and STAGE. The results indicate that all routes were successfully generated with
varying runtimes depending on the number of stops. Fig. 5 illustrates the HPA⋆ path planning
results for thirty order cases, showing the computed routes from BASE to STAGE. The subfigures
demonstrate that the algorithm successfully generates feasible paths across varying numbers of
stops and layout conditions. Table 3 provides representative path and route sequences for orders
ORD002 to ORD008, showing the segment-by-segment transitions from BASE to STAGE. These
examples illustrate how HPA⋆ decomposes each order into local segments while maintaining a
feasible global connectivity solution.

3.4. Algorithms
Algorithm 1 extends Hierarchical Pathfinding A⋆ (HPA⋆) to support multi-order routing in a

warehouse by optimizing a combined cost function that includes:

Algorithm 1 HPA⋆ routing with travel and picking time (multi-order)
Require: Warehouse graph G = (V, E, w) with edge times w(e) = de/s (picker speed s),

rack-level pick times p(r), set of orders O = {o1, . . . , oM }, stations BASE, STAGE
Ensure: Per-order low-level route πo and cycle time CT(o)

1: Build abstract level (HPA⋆)
2: Partition the grid into clusters bounded by cross-aisles; define entrance nodes V A (cross-aisle

connectors + BASE/STAGE)
3: Add abstract edges EA (horizontal across aisles at same cross-aisle; vertical within clusters)
4: For each eA ∈ EA, precompute crossing cost κ(eA) = minπ⊆G inside clusters

∑
e∈π w(e)

5: for each order o ∈ O do
6: Extract required rack visits R(o) = {r1, . . . , rm(o)} and map to nearest entrances RA(o) =

{ϕ(r1), . . . , ϕ(rm(o))}
7: Global planning (A⋆ on hierarchical graph):
8: Define GA = (V A, EA, κ) and heuristic hA(u) = ∥x(u) − x(goal)∥2/s
9: Run A⋆ on GA for the sequence BASE → RA(o) → STAGE to get subpath route ΠA

10: Local update (cluster paths):
11: For each edge traversal eA = (uA, vA) ∈ ΠA, run a constrained search inside recent cluster

κ(eA) to obtain low-level subpath πuA→vA with time κ(eA)
12: Concatenate updating subpaths in order to obtain the low-level route πo

13: Cycle-time computation:
14: Travel time Ttravel(o) =

∑
e∈πo

w(e)
15: Picking time Tpick(o) =

∑
r∈R(o) p(r)

16: CT(o) = Ttravel(o) + Tpick(o)
17: end for
18: return {πo, CT(o)}o∈O
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4. Conclusion
We studied multiple order routing in a small grid-structured warehouse (7×33 m) using a
combined travel-and-picking cost model. Rack-level service times were treated as ground truth
from operational logs, and HPA⋆ was employed for travel-time estimation on the abstract
graph. An entrance-based hierarchical system, incorporating cross-aisle connectors and stations,
effectively minimized the global search space and provided fast route computation. Local updates
were generated solely within the feasible paths of the clusters that were actually visited. During
actual tasks, the combined cycle time, which includes both travel and picking times, remained
essentially unchanged. This provides HPA⋆ as an effective and scalable framework for routing in
grid-style rack systems that utilize multi-order picking.

Future research ought to investigate hierarchical configuration options, including multi-level
HPA⋆, cluster size, and entrance selection, in order to regulate the trade-off between search-
space reduction and path quality at larger scales. The analysis requires examining multi-order
scheduling and batching by investigating sequencing methods that minimize total travel while
adhering to rack-level delivery constraints. Finally, an empirical study should evaluate the
robustness of these planners in dynamic operating environments, including factors like temporary
aisle obstacles, speed-restricted areas, and time-window limitations.
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